Abstract-To improve our understanding of the role(s) that genes and environmental factors play in a complex disease, we need statistical approaches that model multiple factors simultaneously in a hierarchical manner that aims to reflect the underlying biological system(s). We present an approach that models genes as latent constructs, defined by multiple variants (single nucleotide polymorphisms, SNPs) within each gene, using the multivariate statistical framework of structural equation modeling (SEM) to model multiple, putative genetic and environmental factors involved in energy imbalance ('obesity') using subjects from a colon polyp case-control study. We found that modeling constructs for the leptin receptor (LEPR) gene (defined by SNPs rs1137100, rs1137101, rs1805096, rs6588147) and the fat mass-and-obesity-associated (FTO) gene (defined by SNPs rs9939609, rs1421085, rs8044769) together with demographic (age, race, gender), physical activity, diet and sleep variables increased the strength of the association (β std =-0.13 ± 0.06; p=0.03) between the FTO and obesity constructs compared to that observed in a reduced model with only the FTO and LEPR constructs and demographic variables (β std =-0.05 ± 0.03; p=0.08). Several indirect paths, including an association between the LEPR and physical activity constructs (β std =-0.15 ± 0.04; p=0.01), were found. Interestingly, removing FTO revealed a marginal association between the LEPR and obesity constructs (β std =0.24 ± 0.14; p=0.09), which was not present when FTO was in the model. These results illustrate the importance of modeling multiple relevant genes and other factors in the same model, which is a major strength of this approach. Moreover, our latent gene construct approach exploits the correlation structure between SNPs while capturing overall effects of variation in that gene, which will enable better utilization of candidate gene and genome-wide SNP array data.
INTRODUCTION
We purport that the statistical framework of structural equation modeling (SEM) is valuable for mathematically describing the hierarchical relationships between genetic and environmental factors involved in the underlying biological systems driving complex diseases. The origins of SEM come from path analysis, which was initially described by Sewall Wright in 1921 [1] . However, SEM became more widely used, particularly in the psychometric and econometric fields, in the late 1970s to early 1980s when a program called LISREL was developed which provided an efficient way of solving systems of linear equations [2, 3] .
In particular, we propose to use a latent gene construct SEM approach whereby we let a latent (not directly observable) variable represent the overall variation in a gene, which we formally describe by multiple SNPs in that gene [4] . Here, we describe the latent gene construct approach in more methodological detail and illustrate this approach by simultaneously modeling multiple genes together with physical activity, dietary, sleep and demographic variables putatively involved in the development of energy imbalance ('obesity') in a colon polyp case-control study data set.
Specifically, we examine potential effects of two key genes, the leptin receptor (LEPR) gene and the fat massand-obesity-associated (FTO) gene, since both have SNPs that were previously shown to be associated with waist circumference and/or body mass index (BMI) [5, 6, 7] , which are surrogate measures of energy balance; however, associations between LEPR polymorphisms and obesity appear less inconsistent across studies [8] .
Although it is well established that leptin acts on its This work was supported in part by NIH NCI Grants K07-CA129162 and U54-CA116867.
receptors, which are located in the hypothalamus, to regulate energy intake and energy expenditure, the exact function of the FTO gene is unknown. Interestingly, the FTO (or 'FATSO') gene was first cloned through the fused toes mouse mutation [9] , but recent studies indicate that FTO may alter satiety mechanisms [10, 11] . Furthermore, although the relationship between obesity (BMI ≥ 30 kg/m 2 ) and colon cancer has been well established [12] , the potential association between the FTO and LEPR genes on components of energy balance, and between energy imbalance and colon polyps directly, has not been well studied. Therefore, in our model, we evaluate direct relationships between these genes and measures of physical activity, dietary fat and sleep, which may play a key role in energy imbalance ('obesity').
Through this application, we aim to show that our latent gene construct SEM approach is advantageous in that it capitalizes on the substantial level of correlation between SNPs in the same gene, has the ability to estimate overall gene effects, improves mathematical representation of the underlying biological system(s) and provides improved control of confounding compared to standard regression methods.
II. METHODS

A. Study Population
Patients coming to the University Hospitals Health System (UHHS) for routine colonoscopy screening were recruited prospectively from January, 2006 to August, 2008. Potential subjects were sent a letter introducing the study and were contacted by study personnel approximately one week later to complete a preliminary screening questionnaire. Patients with a known personal history of cancer or colorectal adenomatous polyps, or a known family history of hereditary non-polyposis colon cancer (HNPCC) or familial adenomatous polyps (FAP), were not eligible to participate. For patients who consented to be in the study, medical records and pathology reports from the colonoscopy were retrieved. Patients with histologically confirmed rectal polyps or colorectal cancer were excluded from this study. Patients with histologically confirmed colon adenomas were classified as cases. Patients who did not have polyps were classified as controls. The study was approved by the UHHS Institutional Review Board.
B. Body Composition, Diet, Physical Activity and Sleep
Eligible subjects who consented to participate in the study had their weight, height, and waist circumference measured (without shoes and in light clothes) by a research nurse at the time of colonoscopy. Waist circumference was recorded in centimeters (cm) and body mass index (BMI) was calculated from the subject's weight (kg) divided by height squared (m 2 ).
Subjects were required to complete a computer-aided personal interview on lifestyle factors at the time of colonoscopy and asked to complete a validated semiquantitative food frequency questionnaire (FFQ) [13] . In addition, subjects were asked to complete a validated physical activity questionnaire [14] to provide estimates of energy expenditure based on the frequency, duration and intensity of various types of activity (leisure-time, occupational, household, self-care), as well as an estimate of total energy expenditure from all types of activity combined. Subjects also completed the Pittsburgh Sleep Quality Index questionnaire as part of this study [15] .
C. Genotyping
Eligible subjects who consented to participate in the study were required to donate a blood sample at their colonoscopy. Standard venipuncture was used to collect blood samples in tubes with EDTA as an anticoagulant. Genomic DNA was extracted from buffy coats using QIAmp DNA Blood kit (Qiagen Inc., Valencia, CA). All purified DNA samples were diluted to a constant DNA concentration in 10mmol/L Tris, 1mmol/L EDTA buffer (pH 8).
Polymorphisms in the leptin receptor gene (LEPR: rs1137100, rs1137101, rs1805096, rs6588147) and fat mass-and-obesity-associated gene (FTO: rs1421085, rs17817449, rs9939609, rs1421085, rs8044769) were detected using previously reported methods [5, 6, 7, 10] .
To ensure quality control of all genotyping results, 5% of the samples were randomly selected and genotyped by a second investigator and 1% of the samples were sequenced using a 377 ABI automated sequencer.
D. Statistical Methods
In latent variable structural equation modeling (SEM), two general sub-models are used: 1) a measurement model that develops the relationships (loadings) between the observed variables (indicators) and the latent constructs (unobserved variables); and, 2) a structural model that develops the relationships (path coefficients) between the latent variables. The general form of the measurement model is as follows [16] :
where: y = p x 1 vector of observed variables; η = m x 1 vector of latent random variables; ε = p x 1 vector of measurement errors for y; and, Λ y = p x n matrix of coefficients relating y to η.
The general form of the measurement model can be modified to include observed predictor variables (covariates) by adding them as a q-dimensional vector (x), with a p x q matrix of regression coefficients (Κ) and a p-dimensional vector of intercepts (ν):
The covariance matrix of ε is denoted Θ and we assume ε ~ N (0, Θ). The general form of the structural model imposes constraints such that [16] :
where: η = m x 1 vector of latent random variables; Β = m x m matrix of path coefficients; and, ζ = m x 1 vector of errors or disturbances in the endogenous (dependent) latent variables.
The structural model can also be modified to include covariate effects by adding a q-dimensional vector of covariates (x), an m x q matrix of regression coefficients (Γ) and an m-dimensional vector of intercepts (α):
The covariance matrix of ζ is denoted Ψ and we assume ζ ~ N (0, Ψ).
In our latent gene construct approach, we let a latent variable (e.g., η 1 , depicted as an oval in Fig. 1 ) represent the overall variation in a gene, which we formally describe by multiple SNPs in that gene (e.g., y 1 , y 2 , and y 3 , depicted as rectangles in Fig. 1 ). We describe relationships between the individual SNPs and the latent gene construct with standardized loadings (e.g., λ 11 , λ 12 , and λ 13 in Fig. 1) ; and, describe relationships between latent gene constructs with standardized path coefficients (e.g., β 12 in Fig. 1 ). We also quantify measurement error in the SNP indicators (e.g., ε 1 , ε 2 , and ε 3 in Fig. 1 ) and errors in endogenous latent constructs (e.g., ζ 2 in Fig. 1 ). The null hypothesis (H o ) being tested is that, if the conceptualized model were correct, the population covariance matrix of the observed variables, Σ, would be exactly reproduced by the covariance matrix as a function of the model parameters, Σ(θ) (i.e., H o : Σ = Σ(θ). Since the population covariance matrix is not known, covariance-based SEM aims to fit the model by minimizing the difference between the sample covariance matrix (S) and the covariance matrix predicted by the model parameters (Σ(θ)) using a fitting function. Maximum likelihood (ML) estimation fitting functions (F ML ) of the following general form can be used for global optimization [16] :
] -log |S| -(p + q) (5) where: p + q = total number of observed variables.
Traditional ML fitting functions require the rigid distributional assumption of multivariate normality (MVN) and independence of observations. However, when y comprises categorical variables (e.g., genotypes), a conditional normality assumption for (y|x) avoids the assumption of full multivariate normality and allows nonnormality in y; and, when all dependent observed variables (y) are categorical, the covariance matrix can be expressed as follows [17] :
where: I = identity matrix; and, I -B = must be non-singular.
Simulation studies have shown that traditional and modified ML estimators are robust to violations of MVN and, even under conditions of severe non-normality, ML parameter estimates are still consistent [18, 19] . In this work, we used the robust ML estimator (MLR) in Mplus v5.1, which has been shown to obtain consistent and efficient estimates under non-normality [20] .
Prior to conducting the SEM, we evaluated the distribution of the variables and variables with extreme skew or kurtosis (as determined by visual inspection of histograms and quantile-quantile (Q-Q) plots as well as the Shapiro-Wilk's and Kolmogorov-Smirnov tests) were natural log transformed to approximate a normal distribution. To build and evaluate the measurement model (i.e., the individual latent constructs), we used a combination of factor analysis tools (eigenvalues, scree plots, factor patterns, Cronbach's alpha). For the latent gene constructs, we also utilized linkage disequilibrium (LD) information (Haploview v4.1) and retained all SNPs genotyped in a given gene to devise the construct unless the SNP created a linear dependency and provided redundant information.
To evaluate overall model fit, we use several indices, including the chi-square goodness of fit index, whereby, if the null hypothesis is correct, the minimum fitting function value (F) multiplied by the sample size (N) converges to a χ 2 with (s-t) degrees of freedom (df) [21] :
where: s = number of non-redundant elements in S; and, t = total number of parameters to be estimated.
Because the chi-square test is very sensitive to sample size and MVN violations, several alternative descriptive fit indices have been developed. The root mean squared error of approximation (RMSEA) fit index represents dispersal of data to model discrepancy (or misfit of the model) across degrees of freedom and values of less than or equal to 0.06 represent good model fit [21, 22] . The Comparative Fit Index (CFI) is an incremental fit index determined independent of sample size and appears to perform better than RMSEA in simulation studies [23] . CFI values greater than or equal to 0.95 and 0.90 represent good and acceptable model fit, respectively [22, 24] . The CFI has also been shown to have acceptable rejection rates across models at these values, including models with binary dependent variables, when the sample size is greater than or equal to 250 [25] . The standardized root mean square residual (SRMR) is an index based on fitted residuals or discrepancies between S and Σ(θ). SRMR values less than or equal to 0.08 and 0.10 represent good and acceptable fit, respectively [24] . Table 1 , the study population consisted of 110 subjects with polyps and 296 without polyps. 247 subjects were Caucasian, 151 African-American and 8 were of "Other" ethnicity. There were 242 females and 164 males and their mean age was 56.0 ± 9.9 (s.d.) years. On average, the population was overweight with a mean BMI of 29.63 ± 7.02 kg/m 2 and waist circumference of 99.98 ± 16.96 cm. The mean total daily energy intake was 2122.39 ± 1589.00 kcal/day and intake of saturated and trans fats was 23.47 ± 20.19 g/day and 0.93 ± 0.89 g/day, respectively. Subjects reported sleeping ~7.03 ± 2.10 hours/day and participating in leisure, recreational, household and other activities for 7.67 ± 3.23, 0.89 ± 1.02, 3.98 ± 2.45 and 0.22 ± 0.38 hours/wk, respectively.
III. RESULTS
As shown in
In terms of the measurement model, we devised the latent gene constructs using a battery of techniques to balance parsimony and construct reliability. For example, by inspection of the linkage disequilibrium (LD) plot shown in Fig. 2 , we could have chosen any of the following three FTO SNPs in 'Block 1' to represent the variation in this 7 kb genomic area: rs17817449; rs8050136; or, rs9939609. The general redundancy in the information provided by these three SNPs in 'Block 1' can also be verified by evaluating the individual associations between each SNP on BMI and waist circumference, as depicted in Tables 2 and 3 , respectively. We also note that the correlation between rs17817449 and rs8050136 was nearly 1.0 (ρ=0.99; p<0.0001), which would create a linear dependency, whereby the effects between these two SNPs could not be distinguished; thus, one of these two SNPs (rs17817449, rs8050136) must be excluded. Furthermore, although a slightly higher construct reliability can be achieved using four FTO SNPs (rs1421085, rs17817449, rs9939609, rs8044769; Cronbach's α=0.88) versus three SNPs (rs1421085, rs9939609, rs8044769; Cronbach's α=0.78), using three SNPs provides good coverage of the region/block, provides good reliability and is more parsimonious. Thus, we chose rs9939609 to represent 'Block 1' in our final model because it has been the most well studied FTO SNP; and, used rs1421085, rs9939609, and rs8044769 to represent the FTO gene as a latent construct in the full SEM model (discussed below). When modeling constructs for the leptin receptor (LEPR) gene (defined by SNPs: rs1137100, rs1137101, rs1805096, rs6588147) and the fat mass-and-obesityassociated (FTO) gene (defined by SNPs: rs9939609, rs1421085, rs8044769), together with demographic (age, race, gender), physical activity, diet and sleep constructs (Fig. 3) , we observed a good fitting model by several goodness-of-fit indices (χ 2 =460.14, df=208, p<0.05; CFI=0.92, RMSEA=0.06; SRMR=0.07). In this full model (Fig. 3) , we observed an inverse association between the FTO and energy imbalance ('obesity': defined by BMI and waist circumference) constructs (β std =-0.13 ± 0.06; p=0.03), which was much stronger compared to that observed in a reduced model (not shown) with only the FTO and LEPR constructs and demographic variables (β std =-0.05 ± 0.03; p=0.08). We also observed an inverse association between the LEPR and physical activity construct, which was defined by leisure, household, recreational and occupational daily energy expenditure measures (β std =-0.15 ± 0.04; p<0.01); and, a marginal association between FTO and the 'bad' dietary fat construct, which was defined by dietary intake of saturated and trans fat measures (β std =-0.06 ± 0.03; p=0.09). Marginal associations were also observed between physical activity and energy imbalance (β std =-0.23 ± 0.13; p=0.09) and sleep and energy imbalance (β std =-0.16 ± 0.08; p=0.06) constructs. Interestingly, removing FTO revealed a marginal association between the LEPR and obesity (β std =0.24 ± 0.14; p=0.09), which was not present when FTO was in the model (not shown). 
IV. DISCUSSION
Our results show that by modeling the FTO and LEPR gene constructs together with diet, physical activity and sleep factors, the strength of the association between the FTO and energy imbalance ('obesity') constructs was strengthened compared to that association observed in a reduced model with only the FTO and LEPR gene constructs and demographic variables. Furthermore, we observed several significant paths directly from the gene constructs to their more proximal function rather than directly to the comprehensive phenotype of energy imbalance ('obesity') including an association between the LEPR gene and physical activity constructs and an association between the FTO gene and 'bad' dietary fat intake, which may serve as a surrogate measure for satiety. Thus, we have illustrated that our latent gene construct SEM approach to modeling biological systems such as energy balance enables a better mathematical representation of the relationships between the multiple factors involved in the system(s).
Upon removing the FTO gene construct from the model, an association was revealed between the LEPR gene and the energy imbalance ('obesity') construct, which was not present when modeling the FTO and LEPR constructs together in the same model. Interestingly, statistically significant associations were also observed when examining individual LEPR SNPs on BMI in a generalized linear model adjusted for age, race and gender. Taken together, these results illustrate that our approach provides for improved control of confounding compared to standard regression methods and enables the synthesis of single SNP information to estimate overall gene effects while capitalizing on the substantial level of correlation between SNPs in a gene.
